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Abstract
Increasing sources of sensor measurements and prior knowledge have become available for indoor
localization on smartphones. How to effectively utilize these sources for enhancing localization accuracy
is an important yet challenging problem. In this paper, we present an area state-aided localization
algorithm that exploits various sources of information. Specifically, we introduce the concept of area
state to indicate the area where the user is on an indoor map. The position of the user is then estimated
using inertial measurement unit (IMU) measurements with the aid of area states. The area states are in
turn updated based on the position estimates. To avoid accumulated errors of IMU measurements, our
algorithm uses WiFi received signal strength indicator (RSSI) to indicate the vicinity of the user to the
routers. The experiment results show that our system can achieve satisfactory localization accuracy in
a typical indoor environment.
I. INTRODUCTION
GPS-based localization systems can provide satisfactory performance in outdoor scenarios,
while indoor localization systems still confront some challenges in terms of robustness, accuracy
∗ The first two authors contribute equally to this work.
2and responsiveness. The reason for these challenges lies in the difficulty to obtain reliable
measurements at low cost and to integrate multiple information sources effectively. Many efforts
have been made to study the indoor localization problem from different perspectives [1]–[8]. Most
of them can be categorized into two main categories, i.e., infrastructure-based and infrastructure-
free approaches. Infrastructure-based approaches require to deploy wireless access points in the
indoor environment and are performed on the basis of wireless measurements such as WiFi,
UWB, and ultrasound. Among all these approaches, WiFi-based ones attract much attention
since WiFi routers are ubiquitous and no additional infrastructure is needed for localization. The
WiFi-based approaches can be subdivided into two types: fingerprinting [1] and ranging-based
methods [2], both using RSSI to estimate users’ positions. However, range-based methods often
cause large localization errors due to the instability of WiFi signals in indoor environments and
fingerprinting requires laborious off-line training and is not robust to environment changes [3].
Infrastructure-free approaches rely primarily on IMUs to locate a user by continuously estimating
the displacement of positions from a known location, referred to as the dead-reckoning approach.
A typical example is the pedestrian navigation system (PNS) [4]–[6], which performs localization
by detecting steps and estimating headings. While most of these existing PNSs depend on high-
quality IMU sensors [5], [6], achieving satisfactory performance using the IMUs on smartphones
is a challenging task. In addition to the measurements from WiFi routers and IMUs, an indoor
map is also a valuable source of information for localization. Since walking patterns are partially
determined by the geographical structure of the environments, the indoor map serves as the prior
knowledge of space constraints in localization. A particle filter-based algorithm that combines
map information and WiFi RSSI was proposed in [10]. In [11], the algorithm improves the
localization accuracy by matching the walking trajectories onto the map. To the best of the
authors’ knowledge, few studies have fully exploited map information in multi-sensor indoor
localization. In this paper, we develop a localization algorithm fusing the information from
IMUs, indoor maps as well as WiFi RSSI and implement a real-time system on Android
smartphones. We introduce the concept of area state in the indoor map representation and
develop different localization approaches according to the area states. System implementation
on Android platforms demonstrates the performance improvement achieved by exploiting map
information.
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Fig. 1: Framework of the system.
II. SYSTEM DESIGN
The framework of our system is illustrated in Fig. 1. In our system, the states of the user are
categorized into two types: the positional state and the area state. The positional state refers to
the coordinates of the user’s position on a 2D map and the heading direction of the current step.
The area state refers to a particular area the user locates in, e.g., a certain corridor. At each step,
the positional states are estimated based on IMU measurements with the aid of area states, and
the area states are then updated by new positional states based on indoor map information. We
also conduct experiments about WiFi RSSI in indoor environments and utilize the WiFi routers
as vicinity indicators. More details about the algorithm are described as below.
A. Dead-Reckoning using IMU Measurements
Although the accelerometer and gyroscope measurements on the phone are accurate according
to our experiments, severe drift can hardly be avoided if the trajectories are obtained through
double integration of the acceleration measurements. Therefore, we resort to the dead-reckoning
approach based on detecting steps and step headings where the initial location and the step length
of the user are assumed to be available. Several regular patterns emerge in the accelerometer
measurements when the user is walking with the smartphone in hand. We use the step detection
method as in [6] to detect the sharp drop of acceleration when the user is balancing out his/her
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4TABLE I: Basic Elements in Formulated Indoor Maps
Type Area State Element Description
Node
Intersection
Turning Point Conjunction between corridors
Door Entrance of an open area
Open Area Room & Lobby Relatively empty space
Indicator WiFi Router
Way
Corridor Corridor Long and narrow passage
Wall Constraints enclosing a room
DoorCorridor Connection between door & room
WallCorridor Connection between wall & room
steps. We estimate heading through integration of filtered angular velocity, which is not affected
by the severe interferences from indoor electrical appliances and magnetic materials. The initial
heading and posture of the phone is assumed to be available at the beginning of the localization.
The turning can be detected by the abrupt change of the azimuth angle if the phone remains
fixed relative to the user.
B. Indoor Map Representation
To the best of the authors’ knowledge, there are few open-source geographical data of indoor
maps. The incompleteness of geographical data makes it challenging to generalize map-based
open-source projects to various sites. Another challenge exists in the lack of standard represen-
tation rules to define all the elements in an indoor map. Hence, we establish some intuitive and
facile representation rules for our prototype, and verify the validity of our algorithm under these
rules.
We establish our indoor maps from OpenStreetMap (OSM) [12], an open source geographical
database. Map data from OSM can be accessed as an eXtensible Markup Language (XML) file
consisting of nodes, ways and relations, which can be annotated and labeled with key-value-pairs
named as tags. These tags allow us to set the rules by labeling the nodes as intersections and
open areas, and the ways as corridors and walls. All the basic elements in an indoor map are
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Fig. 2: The schematic diagram of area state representation.
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Fig. 3: Bayesian network representation of the variables in our algorithm.
shown in Table I. According to the map structure, we divide the indoor environment into three
main types of area states: open areas, intersections and corridors. The schematic diagram of
area state representation on the map is presented in Fig. 2.
We model the time evolution of the joint positional and area states as well as the measurements
as a hidden Markov model (HMM) shown in Fig. 3. The positional state at step k is denoted as
(
px,k, py,k,h
T
k
)T
, which contains the 2D coordinates on the map and the heading at step k. Specifi-
cally, the heading of the user is represented by a unit direction vector hk = (cos θk, sin θk)T, where
θk denotes the heading angle. We denote the area state of the user at step k as αk. Specifically, αk
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6determines the way of positional state transition from step k to k+1, e.g., it is a 1D movement
in the corridor or a 2D movement in an open area. The joint state xk =
(
px,k, py,k,h
T
k , αk
)T
represents the combination of positional and area state at step k. Meanwhile, the transition of
area state results from the transition of positional state. Accordingly, the observation of positional
state at step k is denoted as yk = (pox,k, poy,k,hokT)T, where hok is obtained by integrating the
angular velocity measurements and pox,k and poy,k are obtained by moving a step length s in the
direction of hok, i.e., pox,k = s cos θk, poy,k = s sin θk. Based on yk, the position estimate is further
refined by the map information if the user is aware of what area he/she is in. This is actually
how we incorporate map information to mitigate noises and uncertainties of position estimate
based on dead-reckoning. We elaborate the map-aided localization process as follows.
1) Walking in Corridor: Since the width of a corridor is normally several meters and much
shorter than its length, we assume that the user moves in one dimension when walking in the
corridor. We set a threshold ηstr for the heading angle to determine whether the user is still
walking in a corridor. If so, the area state αk remains to be Corridor and the estimated heading
is calibrated by the orientation information of the corridor.
2) Turning: If greater changes of heading angle than ηstr are detected and the estimated
position is close to any turning point on the map, it is likely that the user is at a turning point.
The location information of the turning point can be used to calibrate the position estimate of the
user. Moreover, we determine which corridor the user is turning to by comparing the calculated
heading and the bearing of the other m corridors c1, c2, · · · , cm, connected with the turning point,
whose bearings are b1,b2, · · · ,bm accordingly, i.e.
cˆ = argmax
ci,i=1,2,··· ,m
hok
Tbi
The area state αk is then updated as Intersection.
3) Verifying the Turning: If the next corridor detected is another long passage on the map,
we introduce a Maximum a Posteriori (MAP) detection algorithm to verify the turning. We do
not align the current heading with the bearing of the next corridor instantly because chances are
that the corridor selected is not the right track.
We model hoj , the heading observation of the j-th step detected on a corridor, as a Gaussian
distribution with the mean of bi when the next corridor ci is given. The variance of the
Gaussian is set according to a number of experiments on walking patterns. We use lj(ci) =
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7L(ci|h
o
j−k+1,h
o
j−k+2, · · · ,h
o
j) to represent the likelihood function of ci given observations from
k steps prior to j, hoj−k+1,hoj−k+2, · · · ,hoj . Furthermore, we assume hoj−k+1,hoj−k+2, · · · ,hoj are
conditionally independent on ci. Then we obtain the likelihood function as
lj(ci) = L(ci|h
o
j−k+1, · · · ,h
o
j)
∝ p(hoj−k+1,h
o
j−k+2, · · · ,h
o
j |ci)
= p(hoj−k+1|ci) · · · p(h
o
j |ci)
As the likelihood evolves from step j−k+1 to step j, likelihood values of different hypotheses
in lj will probably diverge, from which we can cut off the hypotheses with lower likelihood
values and keep those with higher ones. Thus, we are able to determine the next corridor cˆ′ by
evaluating the likelihood function of consecutive k step headings hoj−k+1,hoj−k+2, · · · ,hoj happen
and make the hypothesis with the maximal likelihood the best guess, where we assume the prior
probability of each corridor is equal, i.e.,
cˆ′ = argmax
ci,i=1,2,··· ,m
lj(ci)
If cˆ′ is the same as the corridor estimated cˆ in the first check, we align the current heading with
the corridor’s bearing. Otherwise, we change the current corridor to cˆ′ and make k steps’ length
compensation in distance. Moreover, we will make another verification after k steps until a right
track is confirmed. Then the area state αk is updated as Corridor.
4) Walking in Open Area: If the next corridor is a Door Corridor that connects a door and a
room or a lobby, the user is considered walking in the open area and so is the area state updated.
The user walks in a 2D area in this case with the space constraints imposed by the walls, i.e.,
the trajectories are not allowed to traverse the walls and the user can only walk along them if
his/her trajectories cross the walls. The entire process is summarized in Algorithm 1.
C. WiFi Module
In our system, WiFi module is used to refine the estimates of positional and area states. We first
conduct experimental studies on the propagation of WiFi signals and based on the experiment
results, we show that it is suitable to use WiFi routers as vicinity indicators in our localization
system.
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8Algorithm 1 Map Information Aided Algorithm
1: Initialization:
2: Given the initial phone posture, positional and area states, proper thresholds and step length.
3: Walk in corridor:
4: Walk in 1D along the corridor.
5: First Check:
6: Detect the turning and calibrate the location with the turning points.
7: if the user turns to a open space at a door then
8: go to: 19
9: end if
10: Verify:
11: Perform MAP detection for the next corridor given consecutive k headings.
12: if the right track is confirmed then
13: Calibrate the heading with the corridor orientation.
14: go to: 3
15: else
16: Change the current corridor and the last k positional states.
17: go to: 10
18: end if
19: Walk in open space:
20: Walk freely in 2D area with walls and obstructions as space constraints.
21: if the user turns to a corridor at a door then
22: go to: 3
23: end if
1) Variation of RSSI with distance: We conducted two experiments to investigate how RSSI
varies with distance, when RSSI is measured on one Android smartphone. The experiments are
conducted on 6th floor of Dreyfoos Tower, Stata Center, MIT. The floor plan are shown in Fig. 4.
The WiFi routers we use work on 802.11ac standard. Meanwhile, we also consider the influence
of tester’s orientation on RSSI. In the first experiment, we measure the RSSI at a 0.3 m interval
within a range of 4.5 m when the tester faces towards the WiFi router. In the second experiment,
March 27, 2015 DRAFT
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Fig. 4: Floor plan of 6-th floor of Dreyfoos Tower, Stata Center, MIT.
the tester is back against the router and all the other conditions are kept the same. The maximum
distance is set to be 4.5 m, since we will use WiFi routers as indicators and this only requires the
knowledge of WiFi propagation property within a short range. One hundred RSSI measurements
are collected at each place in both experiments and they are obtained consecutively in about 30
s.
Fig. 5 depicts the samples and average values of WiFi RSSI measured at 15 different distances.
When the tester faces towards the router, the RSSI is relatively sensitive to the distance change
within a certain distance ρ : a 35% decrease from 0.3 m to 1.5 m, while insensitive if the distance
increases beyond ρ ≈ 2m. In addition, RSSI sample values within and out of ρ can be separated
by a certain threshold φ (−40 dBm typically). This threshold is time-invariant and can be the
same for routers of the same kind. However, if the tester is back against the router and then the
human body blocks the WiFi signal propagation, the RSSIs will be insensitive to distances in
this case. The experiment results are consistent with the well-known two-slope model [13].
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Fig. 5: Variation of RSSI as a function of the distance for AP 2.
2) Human body effects on WiFi signals: We also investigate human body effects on WiFi
signals. The RSSI is measured and collected under four different scenarios: (1) mobile phone
left alone on the cart, (2) mobile phone placed on the cart and the user stands by, (3) mobile
phone held in hand and the user walks towards the router, (4) mobile phone held in hand and the
tester walks away from the router. The distance between mobile phone and the router is around
18 m.
The statistics of RSSI under each scenario are presented in Fig. 6 and Table II. First, by
comparing scenario 1 and scenario 2-4, we can find that the variance of RSSI is mainly caused
by human body and other interferences, e.g. interferences from other devices, are much less
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Fig. 6: Statistical distribution of the RSSI values under 4 scenarios.
significant. Second, by comparing scenario 3 and 4, we see that human body can cause great
RSSI loss if obstructing the direct path of signal propagation. We conclude that human body
effects make the WiFi signals unstable. In fact, unstable WiFi signals may lead to large errors
on WiFi-based localization, especially when the user and the WiFi router are not close enough.
Therefore, it is hard to obtain accurate position estimates if we use the WiFi signals to directly
estimate the distance between the user and the router.
3) WiFi router as a vicinity indicator: The experiment results in Fig. 5 show that RSSI is
above a certain threshold only if the user is within a short range of a WiFi router. This implies
that a high RSSI indicates vicinity to a certain router. Therefore, our system uses the RSSI in the
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TABLE II: Mean and variance of RSSI in 4 different scenarios.
Scenario 1 2 3 4
Mean of RSSI/dBm -59.05 -59.22 -57.83 -65.71
Variance of RSSI/dBm2 0.46 1.95 4.22 9.45
way that if multiple RSSI sample values from certain router are above φ, we consider that the
phone is within a distance of ρ from that router and the positional states is calibrated using the
router’s location. This can avoid the deterioration of localization accuracy caused by unstable
WiFi signals and also reduce the accumulative errors of IMU measurements.
III. IMPLEMENTATION AND EVALUATION
In this section, we elaborate more details about the implementation and evaluate the perfor-
mance of the on-line localization system.
A. Experiments
All the experiments are conducted on the smartphone SamSung Galaxy S4, GT-I9500 running
the Android operating system 4.4.3. Our algorithm is performed and evaluated on the 6-th floor
of Stata Center Dreyfoos Tower at MIT.
1) IMU Measurements: For IMU experiments, we assume the user is holding the phone in
hand with the Y-axis roughly aligning with the heading and Z-axis pointing up to the sky while
walking. Small jolting or shaking can be well-compensated by our area state-aided algorithm.
We also exploit Butterworth low pass filter to smooth the raw data and subtract the average of
the first measurements to remove the bias.
In our experiments, the smartphone is first held in hand. The variations of the acceleration
magnitude during walking are exploited to detect the steps. Fig. 7 (a) implies the effectiveness
of step detection. Then, the smartphone is fixed flat on a cart. We push the cart along the Lane
4, 3, 2, and 1. It is shown in Fig. 7 (b) that the variations of azimuth estimates after a circle
are way below 360 degrees due to the bias. The estimation errors can be reduced to less than 2
degrees after bias removal.
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2) Map Representation Process: We employ JOSM, an open-source map editing software,
and the floor plan, to generate the map data in XML format. The floor map is required to be
calibrated both in orientation and scale at first. Then some significant feature points, such as
turning points and doors are labeledand the relations of the map elements pairs, e.g., doors and
rooms, are represented by the links between them. The absolute positions and orientations of
the elements can be further calculated from the longitude and latitude of each node. In general,
the process of aligning and labeling the map is very easy to operate and the wiki-style editing
makes it possible to construct map collaboratively.
B. Performance Analysis
To evaluate the performance of our localization system, a user walks around the 6th floor of
Stata Center with the phone in hand. Three WiFi routers are deployed around the lobby and
their locations are marked on the map as shown in Fig. 4.
As illustrated in Fig. 8, the real-time estimation of trajectories are compared with the ground
truth to justify the validity of our algorithm. It shows that our system presents robust performance
in corridors, which attributes primarily to map constraints. The position estimates are calibrated
at turning points despite of some step misdetections or step length estimation errors. Moreover,
constant corrections of headings with the assistance of corridors can well-compensate for the
small attitude variations of the phone, which allows painless gestures of users during localization.
In open area, the trajectories are constrained by the walls and obstructions and refined by the
WiFi indicators. WiFi routers deployed at doors can also be exploited to detect the position
transitions of different map elements, e.g., from the corridor to the lobby or vice verse. The
localization errors of our algorithm at the reference points, shown in Fig. 4, are recorded after ten
repetitions of experiments. Fig. 9 plots the cumulative distribution function (CDF) of localization
errors using different algorithms. It can be seen that the proposed algorithm outperforms those
algorithms not using either the area states or the WiFi indicators. In particular, the average
error is reduced from 4.2 meters to 1.6 meters. Moreover, map information and WiFi indicators
provide different types of performance gains in terms of localization errors. Map information can
effectively mitigate small errors due to measurements calibration while cause large errors when
no absolute positional information, e.g., WiFi indicators, is exploited. Nonetheless, the position
refinement from WiFi indicators is susceptible to small localization errors if the threshold φ is
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not properly selected.
IV. CONCLUSIONS
We designed and implemented a real-time indoor localization algorithm by leveraging measure-
ments from IMUs and WiFi RSSI with map information. The proposed algorithm can effectively
exploit map information and achieve desirable localization accuracy with the aid of area states.
Our localization algorithm also uses WiFi RSSI to indicate the vicinity of the user to the router.
This system can serve as a prototype for the design of advanced indoor localization system in
the future.
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